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Two Types of NAS Methods

® Macro Perspective

o Capturing non-convex nature by mathematical view

o NTK-based estimates (K-NAS, TE-NAS, Eigen-NAS, ...)
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® Micro Perspective
o Capturing non-convex nature by gradient changes

o Gradient-based estimates (Snip, SynFlow, TSE, ...)
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The Problem of Neural Tangent Kernel (NTK)

e NTK is not consistent after training, violates its basic assumptions
® TSE performs even better than NTK
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Two Terms of MOTE

® Landscape term is used to capture the non-convex at a macro view

® Speedterm is used to capture the non-convex at a micro view
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MOTE-NAS Compared to K-NAS(NTK-based)
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MOTE-NAS Compared to Others
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